Mobile apps have great potential to deliver promising health-related interventions to engage consumers and change their eating behaviors. However, most interventions promoting healthy eating are either too onerous to keep consumers engaged or too restrictive to be broadly useful. Many are excited by the prospect of using social media to provide individuals information from many sources, but it is unclear how peer engagement interacts with other kinds and sources of information. This study evaluates a mobile-enabled intervention, comparing a control group to four forms of a mobile-based visual diary: with or without image-based dietitian support, and with or without peer engagement. We measured user engagement and food choices over four months in a randomized field experiment. We find a strong positive impact of the mobile-based visual diary and dietitian support on improving customer engagement. Specifically, the mobile-based visual diary and dietitian support each increases the log-odds ratio of user engagement by 43.8% and 50.7%, respectively. Mediation analysis further reveals that while the use of a mobile app increases user engagement through improved self-e cacy, the influence mechanism of dietitian support is through improved intention and enhanced transition from intention to behavior. We also identify some negative e↵ects of peer engagements, as the log-odds ratio of customer engagement is decreased by 33.8%. We also find that the mobile-based visual diary promoted fruit and vegetable consumption and appropriate portion sizes, increasing their scores by 0.30 and 0.37, respectively; in addition, users' overall scores for healthy eating can also be improved by providing dietitian support, albeit with smaller e↵ect sizes. These results provide quantitative evidence that highlight the promise of mobile apps for delivering advanced interventions to engage users and facilitate health behavior change.
Introduction
The past decade has seen the emergence and widespread adoption of smartphones, a↵ecting many facets of our lives. Recent reports indicate that 64% of Americans own a smartphone (PEW, 2015) and spend an average of 4.7 hours on them every day for a wide variety of tasks. About 7% of the population is "smartphone-dependent", meaning that these users depends solely on smartphones to access the Internet (PEW, 2015) . The booming smartphone industry has spawned an enormous market in smartphone applications. As of May 2015, there were 1.5 million fee-based apps on Android Google Play and 1.4 million in the Apple App Store (Statista, 2015) . Over 100 billion apps have been downloaded in just seven years. Catalyzed by these apps, smartphones go beyond just texting, phone calls and web browsing, to assisting with many daily activities such as banking, health and wellness, driving navigation, and ordering taxi services. Apps assist decision making in areas as diverse as health, education and transportation and have become ubiquitous in people's daily lives. The mobility, convenience and personalization o↵ered by mobile apps help consumers process information, make better behavioral decisions and ease daily routines, and help increase firms' revenue by influencing consumers' spending choices and behaviors. Ghose and Han (2014) estimate that the availability of mobile apps increases consumer surplus by approximately $33.6 billion annually.
One of the most popular categories of mobile apps is focused on diet management. In just two years, the number of diet-related apps has more than doubled accounting for 38% of all apps listed in app stores in 2014 (Jahns, 2014) . For instance, LoseIt! (https://www.loseit.com/), MyFitnessPal (https://www.myfitnesspal.com/), and Fitbit (https://www.fitbit.com/) are popular apps that help users track their dietary intake; together, they have more than 85 million users (Perez, 2015) . Internet-connected smartphones with built-in functionality such as cameras make it easy and convenient for users to record and transmit objective health data such as video, audio, and images. These capabilities makes information processing easier and faster for users, and allow researchers to collect continuous, real-time behavior and health outcome data, creating opportunities for such innovations as finely personalized feedback from healthcare professionals. The apps can easily connect users with their peers or healthcare professionals and allow asynchronous communication, increasing the accessibility of healthcare resources. More importantly, apps have the potential to mimic face-to-face interactions (Agarwal et al., 2010) , which could help healthcare providers reduce costs. Furthermore, smartphones are carried by users everywhere, allowing information processing, collection, and communication to take place without spatial or time limitations, and at low cost. Due to these advantages, the health and fitness app market generated revenues worth $2.4 billion in 2013 and is expected to generate $2.6 billion by the end of 2017.
One important reason for the interest in health-related apps is the rising cost of healthcare in the US, particularly for individuals with multiple chronic conditions. Unhealthy eating habits contribute to many common e↵ect or unexpected e↵ects on some occasions (Hildebrand et al., 2013) , it is important to carefully examine its e↵ects and its potential interactions with dietitian support. In summary, our proposed app includes three behavioral interventions: a visual diary, image-based dietitian support, and image-based peer engagement. To evaluate the e↵ect of each of these interventions and the app as a whole, we conducted a 4-month randomized field experiment. We also examine the mediating roles of behavioral determinants: intention, self-e cacy, and outcome expectations, on the treatment e↵ects. Our results suggest that a mobile-based visual diary significantly improves user engagement. This improvement is largely due to improved self-e cacy, i.e. the app makes it easier for users to record meals, as compared to when they are assigned a web-based diary. The mobile diary also improves users' eating behaviors due to increased awareness of their historical diet. We also find that personalized dietitian support via a mobile app can significantly improve user engagement and eating behaviors. While the mobile e↵ect is primarily mediated by users' self-e cacy, the dietitian e↵ect is mediated by intention. However, the proportion of dietitian e↵ects mediated by intention is small, suggesting that irrespective of the user's intentions, the dietitians can have a meaningful impact. Surprisingly, we find that feedback from peers has no impact on food choices but it can actually reduce user engagement. This negative impact is largely the result of the decreased intention of recording due to the presence of peers that do not have any social ties. This paper makes several contributions to both research and practice. First, we introduce the use of a visual cue in self-monitoring of meal consumption and the use of images for providing professional support and feedback.
Second, we also provide scientific evidence of the e↵ects of these two innovative and viable mobile interventions, particularly since randomized studies evaluating the e↵ects of mobile-enabled interventions on health behaviors are sparse. Third, we extend mobile app research by not only examining its impact on user engagement, but also on consumers' health behaviors. Lastly, we contextualize the mobile app research to consumers' healthy eating behaviors, which are usually challenging to measure and influence. Altogether, we provide managerial strategies for app designs and health management, which have the potential to contribute to the current transformation of healthcare delivery.
Hypothesis Development
In order to build a model of consumer behavior in the context of healthy eating, we turn to social cognitive theory. Social cognitive theory suggests that people's health related behaviors can be influenced by behavioral interventions via cognitive mediators such as self-e cacy, outcome expectation, and intention (Bandura, 1998) .
Self-e cacy is the belief in one's ability to perform a targeted behavior and has been regarded as a key determinant of behavioral change (Bandura, 1998) . The e↵ect of self-e cacy can be two folds -it can directly a↵ect the targeted health behavior as show by Fuemmeler et al. (2006) , but it also influences other health behavior determinants, such as outcome expectation and intention (Schwarzer and Renner, 2000) . Outcome expectation is the perceived e↵ect of the targeted behavior; and intention is one's proximal goal about the targeted behavior. Furthermore, Free et al. (2013) show that the e↵ectiveness of behavioral interventions can be a↵ected by their components, intensity, and delivery mode. Most prior studies have used technologies like SMS (Free et al., 2013) , where it is quite di cult to evaluate the di↵erent components individually. However, the smartphone gives us the flexibility to turn intervention on and o↵, and vary the intensity of interventions. We propose three interventions: a mobilebased visual diary, image-based dietitian support, and peer engagement, to potentially improve users' recording behavior, eating behavior, or both. In order to measure the e↵ect of these interventions, we measure outcome expectation for eating behavior, and self-e cacy and intention for recording behavior and eating behavior. We further subdivide self-e cacy for eating behavior into two components -instrument and emotional, which are discussed in detail in Section 3. Our research design is presented in Figure ( 2). The solid lines in Figure ( 2) depict our main hypotheses, which are below , and the dotted lines illustrate the relationships that we would like to examine in addition to our hypotheses.
Mobile-based Visual Diary
Some of the big challenges associated with healthy eating are the cognitive burden involved with determining healthy food types and the appropriate portion sizes. According to Bandura (1998) such perceived barriers can hinder behavioral change, and might have prevented people from improving their eating habits. However, once such barriers are removed, it becomes easy to adopt change (Bandura, 1998) . In other words, self-e cacy related to healthy eating can be improved if the task of recording is made easier. We make the decision process easy by introducing visual heuristics, enabled by the mobile app, to the users. As described earlier, comparing one's meal with the MyPlate image is relatively easy and eliminates the complexity associated with measurement. Although anecdotal studies have shown that compared to paper-based approaches, use of mobile devices can help improve food choices (Burke et al., 2011) , scientific evidence of the e↵ect of mobile apps on eating behaviors is still absent.
The theoretical background and anecdotal evidence thus lead us to our first hypothesis:
H1a: A mobile-based visual diary can improve eating behavior. Helsel et al. (2007) show that a simplified diary results in higher engagement in recording, without compromising the behavioral outcomes. In our study, dietary tracking is made easier by making it mobile and visual. A mobile-based food diary makes dietary tracking easier because it can be used anytime and anywhere, as opposed to waiting until the paper-based or web-based diaries are accessible. The benefit of this convenience has been reflected through higher engagement of self-monitoring, e.g. Burke et al. (2011) find that participants using personal digital assistant (PDA) software for tracking energy and fat consumption have higher engagement in self-monitoring, compared to participants using paper diaries. A similar result is also found in Shapiro et al. (2008) , where mobile phone SMS improves adherence to self-monitoring, compared to paper diaries.
The use of built-in cameras in smartphones also makes it convenient to keep photographic diaries, due to the ease of capture and comprehension (Townsend and Kahn, 2014) . When making a judgment on food amounts, people also use visual cues (Kahn and Wansink, 2004) , which can be provided externally or formed internally when external cues are not available (Chandon and Wansink, 2006) . In this study, MyPlate is used as an external cue that is the basis for visualized and heuristic self-monitoring, which only requires the users to rate the portion size as undersized, just right, oversized, or none, leading to the following hypothesis.
H1b: A mobile-based visual diary can increase engagement in recording.
Image-based Dietitian Support
Studies have shown that past, "perceived" (but not "actual") food consumption predicts food consumption in the future (Chandon and Wansink, 2006) . However, this perception is changed when people are corrected about their misperception. Therefore, in addition to providing instructions, our dietitian support also included image-based, targeted feedback that adjusts participants' perception of food consumption according to their actual experiences.
Providing feedback on performance has been indicated to improve self-e cacy (Prestwich et al., 2013) . If the user is successful, the positive feedback enhances his/her feeling of mastery; if the user is unsuccessful, the recommendation reduces the di culty and uncertainty of making healthy choices, and thus improves self-e cacy.
Empirical studies have shown that providing both feedback and instructions are e↵ective for improving eating behaviors (Wright et al., 2011) , which is operationalized in the following hypothesis.
H2a: Image-based dietitian support can improve eating behavior.
Theories of social influence posit that people have a desire to make correct choices (Deutsch and Gerard, 1955) . Social comparison theory postulates that people have an intrinsic drive to evaluate their behaviors (Festinger, 1954) , and dietitian support provides a credible source for evaluation, which might lead to increased user engagement (Brouwer et al., 2011) . Furthermore, personalized interactions are important factors in influencing consumers' intention or level of engagement (Qiu and Benbasat, 2009 ). In line with this literature, we hypothesize that dietitian support can increase user engagement as proposed below.
H2b: Image-based dietitian support can increase engagement in meal recording.
Peer Engagement
Peer engagement may increase user engagement through improved intention due to social norms. The change in engagement can be short-term and/or long-term, and prior literature examines the e↵ect of di↵erent types of peers, with and without social ties, on both forms of user engagement (Maher et al., 2014; ONeal et al., 2014; Susarla et al., 2012; Ghose and Han, 2011; Centola, 2010) . For example, engagement from peers with existing ties are found to be associated with increased long-term user engagement, such as the mobile Internet usage in Ghose and Han (2011) and the recordings for fruit and vegetable intake in ONeal et al. (2014) . On the other hand, engagement from peers without existing ties are found to be associated with increased short-term user engagement, such as the adoption of YouTube videos in Susarla et al. (2012) and the sign-up of a health online community in Centola (2010) . The e↵ect of peers without existing ties on long-term engagement is mixed. For example, Maher et al. (2014) indicated a mixed e↵ect of online health communities on self-monitoring. In our study, we explore how peers a↵ect user participation in the study, which is presented in the hypotheses below.
H3a: Peer engagement a↵ects engagement in recording.
Similar to the e↵ect on engagement, peers can improve focal outcomes due to feedback and emotional support (Bandura, 1998; Prestwich et al., 2013) . Empirically, studies have found that engagement from peers with existing ties is correlated with an improvement in the outcome of interest. For example, engagement from church fellows improves eating behavior (ONeal et al., 2014) . However, the impact of engagement from peers without existing ties is still a debate. For example, Yan and Tan (2014) found that an online health community can increase patients' self-management as well as self-reported health conditions. On the contrary, Hildebrand et al. (2013) found that an online community that allows product designers to receive feedback from peers can negatively impact the designers' satisfaction and the quality of the final products. As concluded by a literature review, the e↵ect of online communities on health behavioral change is still uncertain (Maher et al., 2014) . Therefore, the e↵ect of peers without ties is context specific and we want to examine this e↵ect in the context of eating, and seek to test the following hypothesis.
H3b: Peer engagement a↵ects eating behavior.
Engagement and Eating Behaviors
For healthcare management, actual IT usage is considered to be the true driver of IT impact. Specifically, the greater the usage, the better the impact (Devaraj and Kohli, 2003) . For consumer behaviors, there is abundant evidence of the positive association between engagement and health behaviors. For example, participating in a firm's social networking website is found to be associated with participants' purchasing behavior (Rishika et al., 2013) . Self-monitoring is shown to be an e↵ective approach to improve healthy eating and physical activity (Helsel et al., 2007) . In fact, an increased number of days of dietary tracking is found to be associated with greater weight loss and lower calorie intake (Turner-McGrievy et al., 2013) . Hence, we hypothesize the following.
H4: Recording behavior is positively associated with improved eating behaviors.
3 Experimental Design
Design
A 4-month randomized field experiment was conducted with 425 participants to test these hypotheses. The large number of participants in this study is a significant departure from previous research in this area, which have been executed with limited number of participants. There are 5 arms in the experimental design, four of which included access to di↵erent versions of the mobile app, as well as a fifth control arm. All four mobile-app treatments included the visual self-monitoring interface, with extra features derived from a 2 (peer engagement: present or absent) x 2 (professional support, present or absent) factorial design. The resulting arms included an intervention arm with all interventions (Full), an arm for peer engagement (Peer), an arm for dietitian support (Dietitian), and an arm without any support (Basic). The exact interventions are discussed later in this section. The control arm incorporates a web diary, which is the more traditional self-monitoring measurement, and no interpersonal engagement. The assignment of interventions is summarized in Table 1 . The participants were randomly assigned to one of five intervention arms. Participant demographics and other characteristics were collected using an online survey at baseline, and psychological variables such as self-e cacy were collected using online surveys at baseline and at the end of each month of participation. Behavioral data on self-reported consumption and app and feature usage were collected by the app during the entire course of the experiment, and summarized as monthly measures.
The entire experiment was conducted online without any physical encounters. The study protocol was approved by the Carnegie Mellon University (CMU) Institutional Review Board (HS13-080/HS14-249) and was registered with Clinicaltrials.gov (NCT02206893). 
Interventions
Participants in all five arms received an education package that highlighted the importance of healthy eating, introduced the idea of MyPlate, and provided a tailored daily food plan suggested by MyPlate. They also received prompts for goal setting during the study. All four mobile-app arms received the smartphone app with the features corresponding to their randomly assigned group, while the control arm received the uniform resource locator (URL) to the web-based application.
Mobile-based visual diary
The basic function of the mobile app was to allow participants to record their food consumption by taking up to four pictures of their meals, providing text descriptions, and rating the portion sizes (Figure 3 (a) ). Ratings were assigned by the participants according to their perception about whether the amount of consumed food group was just right, undersized, or oversized. Participants also indicated whether their meal contained high levels of sodium, saturated fat or added sugar. After the meal entries were submitted, the application compared the participants' accumulated food consumption for the day with their daily goals, and provided portion suggestions for the remainder of the day to help participants achieve their daily goal. Participants could also receive statistical reports on their historical goal attainment.
Peer engagement
Participants randomized to the Full arm and Peer arm could join any social group provided in the platform ( Figure   3 (b)). Separate platforms were maintained for each of the two arms, with and without dietitian support, to prevent cross-group contamination. Once they joined a social group, participants were also able to read, 'like/dislike' and reply to existing posts, or to post new texts/images to share in one or more social groups (Figures 3 (c) and (d)). The posts could include text, food images, and meal ratings at the participants' discretion. Constrained by the anonymity agreement in the consent form, all participants presented themselves in the platform as an avatar.
Six social groups were created prior to launching the experiment, and populated by three confederates who posted, liked, and replied to other posts, to ensure that all participants had access to an active peer-engagement forum. These groups were labeled as follows: being healthy, feeling better, losing weight, a↵ordable heathy foods, fast healthy foods, and tasty healthy foods. Based on responses in the baseline survey, participants were assigned to membership in one or more of the six groups as a default, and were also able to create and join other social groups at any time. A weekly digest summarizing posts in each social group was sent to all members via email.
Image-based dietitian support
A registered dietitian was hired to provide meal-based feedback and consultation services via the mobile app to participants in the Full arm and Dietitian arm. Using a web-based dashboard, the dietitian was able to view meal-specific information, including time-stamped food images, descriptions, and participants' ratings ( Figure 4 ).
The dietitian could also access participant-specific information, including gender, age group, daily activity level, diet pattern (e.g. vegan diet), and meal pattern (e.g. 3 meals a day). Given the meal-specific and participantspecific information, the dietitian provided personalized feedback to the participants on specific meals ( 
Web-based non-visual diary
A non-visual diary that required participants to provide an estimation of the food quantity consumed in cups and ounces was published online to be used by participants assigned to the Control arm (Web). The form is static and follows the format of MyPlate's paper-based daily worksheet, which only allows text input. Participants were asked to report all the meals consumed on a daily basis by classifying each food item to its corresponding 1 An important reason for evaluating only one meal per user per week was to reduce the dietitian-associated expenses. The dietitian also rated all the meals for a smaller sample of the users and the average ratings were not significantly di↵erent. 
Data
In this section, we present the data that was collected during the field experiment and provide summary statistics for the data.
Measures

Participant characteristics
Demographic variables include gender, age group, daily activity level, race, and self-reported height and weight.
Information on all variables was collected via the baseline survey, except weight, which was collected both at baseline and in the subsequent monthly surveys.
Behavioral determinants
An instrument containing five items was used to assess self-e cacy for meal recording (SER, Cronbach's alpha = 0.86), and two di↵erent instruments to assess self-e cacy for eating when facing emotional di culties (SEE, Cronbach's alpha = 0.77) and when facing instrument di culties (SEF , Cronbach's alpha = 0.95), each with four and 12 items, respectively. We consider di culties being emotional when it is the status of the participant's emotion that makes eating healthfully di cult, and di culties being instrument when it is due to the availability of tools or information for implementing healthy eating. The expected outcomes were categorized to outcomes related to self (OES) and others (OEP ). Nine items were used to assess OES (Cronbach's alpha = 0.94), whereas 3 items were used for OEP (Cronbach's alpha = 0.87). Intention to record meals using the assigned diary (IN R) was measured by one single item and the intention to eat healthfully (IN T ) was assessed by an instrument with 10 items (Cronbach's alpha = 0.85). The construction of the instruments for self-e cacy and outcome expectation was based on validated instruments (Compeau and Higgins, 1995; Sheeshka et al., 1993) , with modifications to fit our context. IN T items were derived from healthy eating behaviors recommended by ChooseMyPlate.gov.
Seven-point Likert scales were used for all items, measuring from one (the least desired option) to seven (the most desired option). More details about the development of the instruments are provided in Appendix A.
All behavioral determinants were measured in the baseline survey and in each of the subsequent monthly surveys. Summary scores for each of the constructs (SER, SEE, SEF , OES, OEP , IN R, and IN T ) for each participant in each survey were calculated by averaging his/her responses to all items for the same construct.
Therefore, each participant could have up to five scores (one at baseline and four for the subsequent months) for each of the seven constructs.
Outcomes
Healthy eating behaviors for each participant are portrayed by (i) her engagement in self-monitoring and (ii) food choices at meal times, and were captured by the mobile and web applications. Engaging in self-monitoring was measured by the number of days that the participant recorded at least one meal in four weeks (ED). The healthiness of each meal was measured by two ratings scored by the dietitian. The first was the dietitian's evaluation of the portion size of the entire meal, ranging from one to seven (P S). Based on MyPlate's recommended energy consumption for each participant, a meal receives a score of 4 if the meal size is about right for the participant to meet his/her daily recommendation, and will receive a score of 1 or 7 if the meal is far too small or large, respectively, for that individual.
2 The second rating was the dietitian's evaluation of the proportion of fruits and vegetables relative to the entire meal, ranging from 1 to 7 (F V ). Based on MyPlate's guidelines, a meal is assigned 2 This evaluation was based on a "meal-calorie" schedule that was developed by our dietitian. The schedule allocated an individual's daily caloric needs to each of the meals that were usually consumed by the individual in a day; these daily meal patterns for each individual were elicited via the baseline survey. a score of 4 if half of it is filled with fruits and vegetables, and is assigned a score of 1 or 7 if the meal contains less than half or more than half fruits and vegetables, respectively. When evaluating the F V and P S scores for meals from mobile arms, the dietitian was provided meal images, meal descriptions, and the suggested calorie goal for the participant, but was blind to the participants and their assigned intervention arms. For the control arm, the meal information being evaluated was the de-biased self-reported intake of each food group in cups and ounces.
To estimate each individual's estimation bias, participants were asked to take a quiz at baseline. The quiz showed several images of single food items and asked the respondents to provide their estimates. Linear regressions were modeled for each food group for each participant by regressing the actual amount on the perceived amount. These models were then used to transform self-reported food intake to actual consumption for the dietitian's evaluation.
A confidence level was also assigned to each evaluated meal indicating how confident the dietitian was about her ratings, ranging from 1 (not at all confident) to 4 (very confident). Only the meals receiving a confidence level of 4 were included in the subsequent analysis. For each participant, one meal was randomly selected for evaluation each week, but multiple ratings over 4 weeks were averaged to represent the eating behavior for the month. Therefore, the trajectories of each individual's healthy eating behaviors in our 4-month study, specifically 16 weeks, were portrayed by ED, F V , and P S, each having at most four data points. Table 2 reports the numbers of participants by intervention arms who consented, withdrew, responded to each survey, and recorded at least one meal using the assigned diary each month. A total of 425 people signed up for the study and were randomly assigned to our intervention arms. 50 of them dropped out of the study, resulting in a total of 375 participants. The average response rate for surveys was 64%, and 64% of the 375 participants recorded at least one meal during the entire course of the experiment and were thus defined as "users." Since the focus of this study was to examine the e↵ect of those treated, only the data generated by these users was analyzed for our hypotheses; however, to account for potential selection bias, an intent-to-treat analysis was also conducted and reported in the robustness section. 15,671 meal ratings and 12,580 food images were generated by users in the treatment arms, and 1,935 meal ratings were generated by users in the control arm. Table 3 shows the distributions of user characteristics for each intervention arm at baseline. The majority of the users were female, under age 25, white, CMU-a liated, and sedentary. Users' had an average BMI around the boundary between normal weight and overweight, but the distribution was right-skewed. Users had high intention and outcome expectation with respect to self, but relatively low self-e cacy and outcome expectation with respect to others. There was no statistical di↵erence among the participants in the di↵erent intervention arms. (57) 45 (63) 52 (69) 47 (67) 51 (65) 240 (64) Intervention users Average, n (%) 40 (51) 29 (40) 40 (53) 34 (49) 32 (41) 175 (47) Total, n (%) 50 (63) 45 (63) 49 (65) 48 (69) 47 (59) 239 (64) Intervention users / Survey respondents Average, % 87 82 81 79 74 81 Note: "Intervention users" are defined as the participants who recorded at least one meal in the month. The "intervention users / survey respondents" ratio shows the proportion of survey respondents who were the users.
Descriptive Statistics
Preliminary Analysis
The following figures show the distribution of the outcome variables -days of recording (ED), fruit and vegetable score (F V ), and portion size (P S) across the di↵erent arms. There are considerable di↵erences in the user engagement across the di↵erent arms, with the highest level of usage occurring in the Dietitian arm and the lowest in the Control arm. The users seem quite engaged in the study, with the mean number of records uploaded equaling 75.6 during the 16-week period. The distribution of the number of records across users is presented in Figures 7 and 8 show the variation of eating-related outcome measures. In Figure 7 , we observe that the F V scores are quite constant across the mobile arms, but are di↵erent from the F V scores in the control arm. This (60) 27 (60) 32 (65) 28 (58) 31 (66) >= 30 min 91 (38) 20 (40) 18 (40) 17 (35) 20 (42) 16 (34) Race (p=.90), n (%) p-values are obtained by using Chi-squared tests for gender, age (major groups), activity (major groups), race (major groups), CMU-a liation; one-way ANOVA for BMI; and Kruskal-Wallis tests for all of the cognitive constructs with null hypotheses as no di↵erence across arms.
indicates that the mobile app leads to the highest change in fruit-and vegetable-consumption behavior, but that other interventions might not have a substantial impact in changing the users' eating habits. Figure 8 shows that portion size improved considerably in the basic mobile app and the dietitian arms.
We performed a preliminary analysis to estimate the main e↵ect of the di↵erent interventions on the outcome measures. Since ED is a count variable, we assume that the number of days of recording for an individual i,
Mobile i , Dietitian i and P eer i are dummy variables that equal one when user i is exposed to these interventions. We observe that the mobile app and the dietitian led to a significant increase in user engagement. Individuals assigned to these arms were likely to record more regularly; individuals that used the mobile app on average recorded for 25.3% more days, and the number of days of recording further increased by 37.1% if they were also assigned a dietitian. However, the peer involvement reduced engagement by 18.5% on average. We explore the reason for this disengagement later. The mobile app also improved the consumption of fruit and vegetables and portion control significantly (16% and 20%, respectively), while the dietitian led to a modest 7.8% improvement in portion control. The results presented here represent both statistically and clinically significant treatment e↵ects, which could have a tremendous impact on changing consumers eating behavior in a positive manner. In the following section, we present our empirical models and detailed exploration of the results presented here. 
Empirical Analysis
In this section, we first present our empirical model and then discuss the estimation results. In this paper, we look at three distinct measures of user behavior: engagement, meal size and meal composition. The models proposed here capture this behavior and show how they are a↵ected by the mobile-enabled interventions.
Model of User Engagement
We adopt a hedonic utility-based approach to modeling user engagement.
3 The individual's utility from using the app at time t is defined as U it and depends on the features available to the individual in the following manner:
We consider several alternative approaches to model count data such as a Poisson model with a robust standard error, negative binomial distribution and zero inflated distribution, and the results are qualitatively similar.
where ✏ it is the idiosyncratic error term, which follows a logistic distribution. The vector X it captures the consumer characteristics such as gender, ethnicity, activity level, BMI and time dummies. The individual uses the app at time t if U it 0. Consequently, the number of days of record for individual i follows a binomial distribution, Binom(days, p) with p = P r(U it 0). The estimation results are presented Table (5), which captures the log-odds of the individual making a recording through the mobile app or the web diary. We divide the discussion into two parts: (i) e↵ects of the mobile-enabled treatments, and (ii) e↵ects of user characteristics, and their interactions with the treatments. The first model is instrumental in identifying the main e↵ects of the mobile-enabled interventions, whereas the second model helps us in estimating the e↵ect of the mobile-enabled mediated by user characteristics. 
E↵ect of the mobile-enabled treatments
From Model I in Table 5 , we observe that the mobile app leads to a significant increase in the level of engagement, increasing the log-odds ratio by 43.8%. This suggests that consumers are more likely to maintain a food diary when they are given a mobile app as opposed to when they receive a web-based diary, which is commonly used by dietitians. Therefore, Hypothesis H1b is supported. Our results are in line with the findings from studies that evaluate the e↵ects of other mobile technologies on user engagement, such as the positive e↵ect of PDAs found in Burke et al. (2011) and the positive e↵ect of mobile phones found in Shapiro et al. (2008) . We also o↵er more conclusive results compared to the papers that evaluate the e↵ects of smartphones. For example, TurnerMcGrievy et al. (2013) found no significant di↵erence between the mobile app group and the paper diary group.
Our study di↵ers from their studies in that our treatments were fully controlled and that we collected users' levels of engagement via the app itself in real time, as opposed to 24-hour recalls. We also observe a very significant dietitian e↵ect, which increases the log-odds of the recording intensity by 50.7%, supporting Hypothesis H2b.
The significantly positive e↵ect of dietitian support or personalized recommendations on user engagement is in line with the findings in many empirical studies. For example, professional support is suggested to be e↵ective in increasing user engagement (Brouwer et al., 2011) . The likelihood of subjects following instructions appropriately is significantly higher if they received advice from others, instead of simply observing others' behaviors (Celen et al., 2010) . Our study contributes to the growing literature indicating that extremely personalized and contextualized feedback from experts has a significant impact on engaging customers in an mHealth context.
Following our discussion in the previous section, we find that peers exert a negative impact on customer engagement. The surprising "disengaging" e↵ect of our peer involvement over time might be attributed to the contents of the posts in the platform. Since all the users in the social groups presented themselves as avatars, each user was an isolated individual without real-world "social ties" between them. This lack of ties and embeddedness might reduce peer influence as suggested by Aral and Walker (2014) . In addition, the lack of ties also resulted in a platform with more informational posts than emotional posts; while emotional support in an online community has been shown to be more e↵ective than informational support at improving patients' perceived health statuses (Yan and Tan, 2014) , our information-dominant platform may limit the e↵ect of peer influence. In summary,
we confirm that peer engagement decreases engagement in recording (Hypothesis 3a is supported), and the lack of real-world ties between users might have resulted in disengagement over time. Our analysis suggests that peer engagement may not be always helpful to everyone; after viewing a posting of a healthy meal, some people might be encouraged to eat healthfully while others might feel intimidated. In fact, despite the prevalent positive e↵ects found in research, some studies show that involvement by peers might have negative e↵ects on targeted behaviors, such as the negative e↵ects found in Hildebrand et al. (2013) for product design. This explanation is supported by the exit surveys where a few participants in the peer-enabled arms reported that they did not feel comfortable sharing their eating habits with strangers. Our results also imply that the contents of posts are important determinants of user engagement, as suggested by Miller and Tucker (2013) , and need to be explore in future studies.
To visualize the e↵ect of our di↵erent interventions, we further calculate the probability of recording on a given day for the average user. As can be seen in Figure 9 , an average consumer would record her meals 60% of the time if she were assigned to the Dietitian arm, but would only record about 40% of the time if she were assigned to the Peer arm or Control. Noticeably, if she were assigned to the Peer arm, the chance of recording would be even lower than the Basic arm. Figure 9 also clearly contrasts the e↵ects observed in the Basic arm and the Control arm. Specifically, when no external support is provided, it is more likely that the average consumer would record her meals if she were assigned a mobile-based visual diary, compared to the web-based diary.
Our results show a super-additive e↵ect on user engagement when both dietitian support and peer engagement were provided. Our finding is consistent with studies concerning non-health-related outcomes. For example, while recommendations and peer reviews each improved users' perceived value of a website, which might lead to a higher level of engagement, the e↵ect of providing both of them was super-additive (Kumar and Benbasat, 2006) . Since few studies have a full factorial design to investigate the interaction e↵ects on health-related outcomes, our results fill this gap and contribute to the existing literature.
E↵ect of the customer characteristics
We observe that individual characteristics have a significant impact on level of engagement. Women are more likely to record their meals than men. This might be due to their stronger health awareness, as implied by Wardle et al. (2004) , who surveyed subjects in 23 countries. Yan and Tan (2014) also show the greater engagement in health-related discussions by women participants. However, men's likelihood to record their meals increases significantly when they were provided the mobile app (0.270) as shown in Model II in Table 5 . This increase in engagement might be attributed to the higher likelihood for men to be more tech-savvy currently as compared to women. 4 We also observe that young consumers (age <= 25) are not as inclined to record their meals as older consumers. It is likely that the higher engagement level among older adults is driven by their proclivity to healthier habits or a higher likelihood of developing a chronic condition (Freid et al., 2012) . At the same time, the odds of a young person recording her meals increased by 24.3% if they used a mobile app. Younger customers are comfortable with technology and our results suggest that they might be more likely to use a sophisticated mHealth application.
Surprisingly, ethnicity also plays a big role in the results and we find substantial heterogeneity across the population in their recording behavior. As compared to Whites, Asians are less likely to engage with the app over time, whereas Others, which includes predominantly African Americans and Hispanics, are likely to engage more.
However, using Model II, we can show that Asians are likely to record more meals, but the disengagement in Model I stems from their dislike of the application, as evident in the coe cient of the interaction e↵ect Mobile ⇥ Asian that is significantly negative (-0.698). This disengagement might stem from the fact that the app is based on the idea of MyPlate, which focuses on the American plate, which has a distinct separation of di↵erent food types such as fruits, vegetables, proteins and cereals. As observed in our study, Asians usually have a plate of mixed foods.
The use of MyPlate, which asks users to partition their plates into four parts, might not be normative within the eating habits of Asians and thus reduces the relevance of the mobile-based visual diary. In fact, we also found evidence of di↵erent eating habits among di↵erent races from our sample. Using confidence levels assigned by our dietitian as an indicator of easiness of partitioning, we found that the average scores of confidence levels for Asian (3.45) was significantly lower than that for Whites (3.63). If partitioning the meals was di cult for our dietitian, then it must also have been di cult for the users.
Model of Eating Outcomes
Next we explore the impact of the di↵erent interventions on the eating outcomes -the amount of fruits and vegetables and portion size. We model the amount of fruits and vegetables (F V ) and portion size (P S) in the following manner,
where " F,it and " P,it are normally distributed error terms and X it captures the consumer characteristics as explained in the previous section. We first present the analysis for the direct e↵ect of the mobile-enabled treatments on eating behavior. However, as we propose in Hypothesis 4, the e↵ect of the mobile interventions might become stronger as the users become more engaged with the application. Hence, we subsequently present the result for the e↵ect of the interventions mediated by the level of engagement. Similar to the analysis presented earlier, we use bootstraps with replacement and 5,000 iterations to estimate the treatment e↵ects.
E↵ect of the mobile-enabled treatments
The estimation results for the direct e↵ect of mobile-enabled treatments are presented below in Table 6 . From Table 6 , we observe that the mobile app leads to a significant increase in fruit and vegetable intake and portion control, increasing the scores by 0.30 and 0.37, respectively. This suggests that the consumers are more likely to eat healthier when they are given an interactive and visual-based mobile app as opposed to when they receive a static and cumbersome web-based diary which is commonly used by dietitians. Therefore, Hypothesis H1a is Together with the result of the mobile e↵ect, our results suggest that providing users with convenient and easyto-use technology for self-monitoring is even more e↵ective than providing them with very personalized feedback, highlighting the importance of the use of the mobile-based visual diary. The result of the dietitian e↵ect in our study is aligned with Wayne and Ritvo (2014) , which finds a positive e↵ect of very personalized professional support delivered via a mobile app on diabetes self-management. However, the positive e↵ect found in their study cannot be isolated and attributed to each element of the app, and their research was only an observational study with 21 subjects. One of the strengths of our study is the ability to tease out the impact of every intervention distinctly and measure their potential impact on consumer behavior.
We do not observe any significant e↵ects of peer engagement on either users' F V consumption or their P S scores, which leads us to believe that peer engagement does not change eating behavior. Hence, we find evidence against Hypothesis 3a. This outcome may be the result of two possible causes. The first is that the peer influence may not be strong enough to have a significant impact over the duration of our experiment due to the lack of ties between the users. The second is that the scales we used to measure F V and P S may not be sensitive enough to detect the change. Both these factors will be taken into account and improved in future studies.
When both the dietitian support and peer engagement were provided, the signs of the coe cients of the interaction terms suggest that there is an "interfering e↵ect" for P S. Although not statistically significant, it is worth mentioning as the e↵ect size was larger than that of dietitian e↵ect and peer e↵ect. Specifically, providing peer engagement to users with dietitian support changes the e↵ect of total support from 0.19 to 0.08. On the other hand, providing dietitian support to users with peer engagement changes the e↵ect of total support from 0.14 to 0.08. This is di↵erent from prior studies that have investigated non-health-related outcomes; for example, Celen et al. (2010) found positive e↵ects of advising and observing peers on the quality of decisions. Our finding may be due to the di↵erent messages the users received from both sources -what the users learned from the dietitian was di↵erent from what the users saw from their peers. This conflict is especially possible when the definition of the right portion is di↵erent for each individual. While we are not aware of any studies that evaluate this interaction e↵ect on eating behaviors, our finding suggests that the mechanism of the interaction between professional support and peer engagement may be di↵erent in the context of healthcare. In addition, the use of peer engagement may not only discourage engagement, but may also provide a source of conflicting information for optimal portion size determination. Table 7 summarizes the results of the relationship between user engagement (ED) and food choices (F V and P S).
E↵ect of engagement on eating behaviors
We observe that when controlling for interventions and user characteristics, ED is only significantly associated with P S, but not F V . On the contrary, after controlling for ED, the mobile-based visual diary still has significant e↵ects on F V and P S, with a larger e↵ect size and stronger evidence on P S. This suggests that the use of the mobile-based visual diary alone can improve consumers' ability to determine the appropriate proportion of fruits and vegetables on their plates, and this ability does not require repetitive practice. In other words, when
given an easy heuristic -"make half your plate fruits and vegetables," no learning is needed to improve their fruit and vegetable consumption. On the contrary, what defines a good portion size varies among individuals, and thus requires repetitive practice, which explains the significant e↵ect of ED on P S. Interestingly, the marginally significant dietitian e↵ect is mitigated with the inclusion of the engagement level in the analysis, but the mobile-based visual diary has an even greater e↵ect. The findings described above underscore the value of the photographic dietary tracking method, which provides a great tool for users' self-evaluation. Therefore, Hypothesis 4 is only supported for portion size.
Mediation Analysis
In order to understand the mechanisms that drive the treatment e↵ects seen in the previous section, we perform mediation analysis based on the research model presented in Section 2. For all the interventions that have a significant main e↵ect on users' eating behavior, we conduct mediation analyses to find the cognitive determinants that mediate the main e↵ects. More specifically, cognitive determinants like self-e cacy (SER, SEE, and SEF ), outcome expectation (OEE and OEF ), and intention (IN R and IN T ) at time t 1 were examined as potential mediators of significant intervention e↵ects at time t. Traditionally, mediation analysis in social sciences has followed the framework of linear structural equation models (LSEM); however, the LSEM approach su↵ers from two important drawbacks. First, the methods developed in the LSEM framework are not applicable to non-linear models. Second, it is extremely di cult to find the relative impact of a mediator on the overall treatment e↵ect, except under very specific identification assumptions (Imai et al., 2010) . Given these limitations of the LSEM, we adopt a simulation-based approach proposed recently by Imai et al. (2010) to perform our mediation analysis, which, to the best of our knowledge, has not been used before in the Information Systems literature.
Let M i (t) define the value of a cognitive mediator of interest for user i under treatment T i = t, and Y i (t, m)
denote the outcome variable under treatment t when the value of the mediator variable equals m. In a standard experimental design such as ours, a researcher only randomizes t. Hence, we observe only one outcome,
For the sake of simplicity, assuming that T i 2 {0, 1}, the total treatment e↵ect can be written as follows,
We can deconstruct this total e↵ect into the two components: (i) the causal mediation e↵ect, and (ii) the direct treatment e↵ect. The causal mediation e↵ect captures the component of the treatment that arises only due to the change in the mediating variable, which is represented as follows,
for each unit i and treatment status t = 0, 1. All the other e↵ects are represented by the direct causal e↵ect, which is as follows,
It is easy to see that ⌧ i = i (t) + ⇣ i (1 t). The average causal mediation e↵ect (ACME) is denoted by¯ (t) and the average direct e↵ect (ADE) is denoted by⇣(t). We use a quasi-Bayesian Monte Carlo method proposed in Imai et al. (2010) to estimate the ACME and ADE by examining various potential mediators.
Days of Recording
In order to identify the mediation analyses that might be meaningful for understanding the mechanism driving individuals' recording behavior, we first see how di↵erent cognitive determinants are a↵ected by the di↵erent interventions. A regression of intention of recording (IN R) and self-e cacy for recording meals (SER) on the interventions and control variables is presented in Table 8 . We observe that the intention of recording is positively (and significantly) a↵ected by the presence of a dietitian, whereas the presence of peers deters individuals' recording behavior. We also observe that the self-e cacy of recording improves when individuals use the mobile app. Keeping these results in mind, we focus only on the relevant mediation analysis for the sake of brevity. However, the methodology proposed earlier can be used to estimate the mediation e↵ects of all cognitive determinants on all of the interventions. First we examine which factors mediate the e↵ect of using a mobile phone. The mediation analysis of SER on mobile is presented in Table 9 . We observe that our positive mobile e↵ect is significantly mediated by SER.
Specifically, 31% of the e↵ect is contributed by the improved SER. This suggests that the convenience and ease-of-use of the mobile-based visual diary indeed improves users' perceptions of their ability to track their diets, which accounts for 31% of the actual enhanced engagement. This mediation proportion is much smaller than that of SER for the mobile e↵ect. This suggests that although the availability of dietitian feedback does strengthen users' intention to record, the increased engagement is largely due to the enhanced translation from intention to actual behavior. Our results show that both self-e cacy and intention play important roles in improving users' engagement in technology, which has also been supported by Yi and Hwang (2003) . In addition, Yi and Hwang (2003) suggest that self-e cacy is an even better predictor of behavior compared to intention. Our study further shows that while the mobile-based visual diary can increase engagement through improved self-e cacy, the personalized dietitian feedback increases engagement not only through improved intention, but also by enhancing the translation from intention to behavior. The intention to record also significantly mediates the negative peer e↵ect. Specifically, the presence of peer observation and interaction reduces users' intention to use the mobile app to record their meals, and this reduced intention accounts for 41% of its disengagement e↵ect. This finding is quite contrary to common wisdom, where developers generally are inclined to incorporate the ability to interact with peers in their applications. This also supports our prior conjecture that the disengagement e↵ect might be due to the lack of ties between peers, and the subsequent lack of emotional support among these avatar peers. Furthermore, this finding is in line with the comments from exit interviews, where users in the experimental arms with peer engagement mention that they do not like to share their eating habits with strangers. Indeed, peer engagement leads to a decrease in the intention to record, which in turn, reduces the engagement with the mobile app. Application developers need to be careful about incorporating peer engagement in their applications, as our results show that without real-world "social ties" and emotional support, peer engagement might have an unintended consequence of decreasing engagement due to reduced intention to record. The mediation e↵ects are graphically presented in Figure 10 below. 
Mediation effect of SER on Mobile
Total Effect ADE ACME 0.00 0.02 0.04 0.06 0.08 0.10
Mediation effect of INR on Dietitian
Total Effect ADE ACME -0.04 -0.02 0.00 0.02
Mediation effect of INR on Peer
Total Effect ADE ACME Figure 10 : Mediation e↵ect on recording behavior (ED)
Eating Behaviors
We first analyze how di↵erent interventions a↵ect the cognitive determinants and subsequently perform the mediation analysis. The e↵ects of the di↵erent treatments on emotional self-e cacy (SEE), instrument selfe cacy (SEF ), outcome expectation with regard to self (OES), outcome expectation with regard to peers (OEP ) and intention to eat healthy (IN T ) are presented in Table 11 . Interestingly, we observe that only the intention to eat healthy (IN T ) is a↵ected by the Mobile and Dietitian treatments. Tables 12 and 13 show that IN T is not a mediator of the positive mobile e↵ect on food choices, but is a significant mediator of our positive dietitian e↵ect. Specifically, 19% of the dietitian e↵ect on P S is contributed by the improved IN T . This suggests that the presence of a dietitian strengthens users' intention to eat healthy, which in turn improves their food choices. In addition, the improved P S score might also be explained by the enhanced translation from intention to actual behaviors due to the presence of a dietitian.
In contrast to our reasoning in the hypothesis section, the positive dietitian e↵ect on portion control is mediated by intention, but not self-e cacy. It might be due to the fact that our dietitian not only educated users, as dietitians have done in existing studies, but she also calibrated their perceptions. Studies have shown that educational programs can improve fruit and vegetable consumption via improved self-e cacy (Kreausukon et al., 2012) ; however, as indicated in our introduction, most of the programs are didactic and not personalized. Our intervention di↵ers from others by adding personalized calibration. While some users may have the chance to a rm their correct perceptions, others may have to accept the fact that they were wrong during their calibration of portion size. When they start to doubt their ability to eat healthy, their self-e cacy may not be improved, as can be seen in existing studies. Therefore, unlike in other studies (Kreausukon et al., 2012) , the nature of the personalization of our dietitian e↵ect can increase intention to eat healthy, instead of self-e cacy. As indicated by Oenema et al. (2001) , significantly higher intention can be induced by tailored education. Note that 80.7% of the dietitian e↵ect is not mediated by any of the determinants. This is likely due to improved perception, which leads to better food choices (Chandon and Wansink, 2006) , similar to the mobile e↵ect. The lack of a mediation e↵ect of intention implies that the use of mobile apps strengthens the translation from intention to behavior. This strengthened translation may be a result of the better perception of food intake produced by our visual diary. The mediation e↵ects are graphically presented in Figures (11) and (12) below. 
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Robustness
Outcome Measures
To measure user engagement, we chose to use the number of days of recording, simply because it is the only measure that allows fair comparison between our treatment arms and control arm. The number of records was another possible measure. However, since users in the control arm were asked to submit one diary recording per day, while users in the treatment arms were asked to submit one diary recording per meal, this measure cannot produce a fair comparison. Despite this concern, if we just include the e↵ect of dietitian support and peer engagement, our results still hold when the number of records is used to measure user engagement.
When the dietitian was evaluating the score of F&V intake of the meals, she was asked to use a bi-polar 7-point scale, where 1 indicated 'less than needed', 4 indicated 'just right', and 7 indicated 'more than needed'. To reflect the common understanding that the more F&V, the better, we grouped 4-7 to 4, which forms the second score for F&V, F G. To strictly reflect the ideal intake of fruits and vegetables, we also tried another measure that "folded" the original 7-point scale, such that both 1 and 7 in F O get a score of 1, both 2 and 6 get a score of 2, etc. We refer to this score as F F . Irrespective of the measures used, our main findings continue to hold. Similarly, to
Mediation effect of INT on Mobile
Mediation effect of INT on Dietitian
Total Effect ADE ACME Figure 12 : Mediation analysis for Portion Size (P S)
reflect the ideal portion size, we also tried a second measure that "folded" the original 7-point P S scale, such that both 1 and 7 in P S get a score of 1, both 2 and 6 get a score of 2, etc. We refer to this score as P F , which also generated similar results as the models using the P S measures.
Selection Bias: Users vs. Non-Users
Although the assignment of interventions was randomized, there may be systematic reasons that cause participants to use or not use the assigned tool to record their meals, which poses a threat to the random assignment. While we were not able to rule out this selection bias, some analyses were performed to ensure that the e↵ect of this selection bias is minimal; our results are relatively robust to the selection bias induced by participants' choice of using or not using the intervention tools. To show that the users and non-users were not two distinct populations, we compared the demographic distributions between these two groups. No significant di↵erence was found for demographic characteristics between users and non-users, but some significant di↵erences were found for the behavioral constructs (Appendix B). Although higher behavioral constructs at baseline may lead to better behavioral outcomes, those significant di↵erences did not occur monotonically within the same intervention arms.
Therefore, the threat of having more "capable" participants receiving any of our interventions can be minimal.
Another standard approach to account for this potential selection bias is to perform intent-to-treat (ITT)
analysis (Gupta, 2011) . Instead of analyzing data generated by the users, ITT uses all of the data from all the participants. Therefore, instead of examining the e↵ect of those treated, which is the focus of this study, ITT examines the e↵ect of the policy. As shown in Appendix C, our results still hold -both the mobile-based visual diary and professional support can still significantly increase user engagement, and the existence of peers still significantly decreases user engagement. Interestingly, while our dietitian support engenders a larger e↵ect size than a mobile-based visual diary among treated users, the mobile-based visual diary is much more e↵ective than dietitian support among all randomized participants. This suggests that providing a mobile-based visual diary can be a very powerful mechanism to encourage user adoption. However, after adoption, it is important to connect consumers with dietitians for continuous engagement. Due to the fact that eating behaviors were evaluated on the basis of recorded meals, we were unable to perform ITT for our eating outcomes.
Selection Bias: Has Food Images/No Food Images
One potential concern in our analysis is the fact that users can selectively choose which images to submit according to which treatment they are receiving. For example, a user who was assigned to the dietitian arms might selectively upload only healthy images, while a user without dietitian support might have less intention to do so. This raises a concern that the observed dietitian e↵ect on eating behavior might be due to users' biased reporting strategies and not their actual eating behaviors. To address this concern, we compared users' eating behaviors across arms in the first month, before any observable change could happen. We observed that users' eating behaviors were not significantly di↵erent across arms, and the results are shown in Appendix D.
Discussion
Healthcare expenditure is one of the biggest concerns for the American economy, and the bulk of the healthcare expenses are driven by patients with chronic diseases (Gerteis et al., 2014) . In an attempt to stem costs, healthcare providers are increasingly focusing on preventive care that can lead to a reduction in the population of those at risk for chronic diseases. Obesity is one of the leading precursors to many chronic conditions like cardiovascular, kidney and liver problems. Hence, healthcare providers have been emphasizing to patients the importance of healthy eating and leading an active lifestyle. The emphasis on preventive care has gradually shifted the focus of care delivery from a traditional healthcare settings, where patients are seeking care, to home settings, where consumers are managing some of their own care, often enabled by IT. However, it is unclear what strategies are e↵ective in promoting healthy behavior, and better designs of health information technologies are needed (Agarwal et al., 2010) . Since a healthy diet continues to be one of the most important factors in long-term health and well-being, our study focuses on how healthy eating can be promoted in the general population via the usage of mobile devices. As discussed in the previous sections, we propose a few innovative interventions delivered through a mobile app, and empirically test the e↵ectiveness of these interventions.
The e↵ects of the di↵erent mobile-enabled interventions are quite varied based on the di↵erent outcomes we evaluated. Our results show that the use of a mobile-based visual diary can significantly increase user engagement.
Mediation analysis shows that this increase in engagement is largely mediated by the improved self-e cacy of recording, which might be due to the mobility, convenience, and ease-of-use brought by the app. We also find that simply providing a mobile app can be very attractive to consumers in and of itself. In addition to user engagement, a mobile-based visual diary can also improve users' food choices. However, the e↵ect of the mobile app on the eating choices is not as pronounced as the e↵ect on level of engagement. This result may be driven by the fact that it is extremely di cult for individuals to change their habits over a relatively short 4-month period when they are exposed only to the mobile app (Laing et al., 2014) .
Similarly, contextualized and truly personalized professional support significantly improve both user engagement and eating behaviors. This positive e↵ect is slightly, but significantly, mediated by users' intentions, suggesting that the presence of a dietitian can not only increase users' intentions, but also enhance the translation from intention to actual behavior. Perhaps due to our highly personalized strategy, users are more motivated to change their behavior knowing that there is a dietitian who can provide objective and accurate feedback. Interestingly, such interventions can dramatically alter individuals' behavior over longer periods of time and might provide extremely high ROI for healthcare providers.
Surprisingly, we find that the presence of avatar peers can reduce users' intention to use the app and thus negatively impacts user engagement. From the exit survey we discovered that participants are not likely to share their eating habits with strangers. However, this e↵ect requires further analysis as consumers might be willing to share their actions with friends or family, and our results could be driven by the fact that there are no real-world social ties between the individuals in our experimental design. We also see that peers do not have any significant e↵ect on users' food choices.
Interestingly, we see a considerable amount of heterogeneity in the users' behavior. Females are more likely to be engaged with dietary tracking techniques; they also eat more fruits and vegetables and their portion sizes are relatively larger. We find that younger individuals do not have a high level of engagement, however the engagement level goes up when they use the mobile app. In addition, young individuals tend to smaller amount of fruits and vegetables. Most importantly, even though Asians are more likely to track their diets, they are not as engaged with the mobile app. This indicates that such mobile-enabled interventions should be designed di↵erently for various focal groups, keeping their eating habits in mind.
There are potential threats to the credibility of our results. The first is the use of incentives. While giving incentives is an important approach to recruit and keep participants in the study, it can seriously a↵ect the outcome of user engagement. To resolve this dilemma, we provided incentives for participants to "complete surveys," but not "using the app." The e↵ect of incentives on user engagement is thus attenuated. The second is the attrition rate. If we consider the proportion of participants who explicitly quit our study, we had an attrition rate of 12% overall, with the highest in the Peer arm (14%) and the lowest in the Full arm (9%). The attrition rates in all arms were not significantly di↵erent, indicating that the attrition could happen in random. If we consider the losing of "users" as attrition, we had an attrition rate of 41% overall, with the highest in the Peer arm (58%) and the lowest in the Dietitian Arm (30%). It is possible that more participants in some arms decided not to use the app because they did not like the interventions delivered by the app, or did not find the app useful.
If this assumption is true, then our results will still not be a↵ected by the attrition of users. Other robustness tests were performed, and the results suggested that our study results are robust to di↵erent approaches of measuring outcomes and potential threats from selection bias.
Conclusion
Drawing on social cognitive theory, this study proposed and evaluated three mobile-based interventions, both in isolation and in combination, in the context of healthy eating. We highlighted the value of the use of smartphones for advanced behavioral intervention delivery and e cient data collection. In particular, the use of smartphones makes photographic dietary tracking convenient, which not only improves user engagement and eating behaviors, but also provides the opportunity for the dietitian to deliver contextualized feedback. As shown in this study, connecting consumers with healthcare professionals via mobile apps is operationally feasible and e↵ective. Finally, although peer engagement does no significant harm to the eating outcomes, we observe potential negative e↵ects of peer engagement on long-term engagement.
Our study has several implications for the design of mobile-enabled interventions aiming to improve health management for the consumers and for the entire healthcare system. Firstly, while self-management and preventive care have gained increasing attention in healthcare, our study shows that a visual diary enabled by a mobile app can be an important medium that improves user engagement and behavioral outcomes. Although the use of MyPlate sacrifices precision, implementing the idea in mobile apps brings more sustained usage. In addition, the use of this heuristic empowers consumers to make better decisions at meal time without additional instrument aids.
Primary care physicians are trying to seek mobile apps for their patients' self-management (Laing et al., 2014) and we believe that our study provides evidence that these mHealth apps can be useful in a↵ecting consumers eating behavior. Secondly, in addition to being simply a self-monitoring tool, mobile apps also provide a great platform to connect healthcare consumers with healthcare providers. Due to the personal nature of mobile apps, more personalized feedback can be provided to consumers. The utilization of the built-in camera further enables healthcare professionals to take a closer look at consumers' meal consumption so that they can help consumers fine tune their eating habits on the basis of their actual behavior. We found that such mHealth platforms are viewed favorably by both dietitians and consumers; our dietitians commented that the platform used in this study is a more e↵ective communication platform compared to paper-based and in-person communication. Several users in our study requested continued access to the app to get our dietitian's feedback. As consumers' demand for personalization increases and the supply of healthcare resources is limited, the IT-enabled service model proposed and evaluated by our study provides a good alternative to address consumer needs. Thirdly, while the presence of avatar peers might encourage consumers' one-time adoption of a product-such as its positive e↵ect on watching YouTube videos in Susarla et al. (2012) and its positive e↵ect on registering for an online health forum in Centola by Free et al. (2013) ). Our study bridges these two streams of literature by applying existing knowledge about the design of information systems to the context of healthcare, with a specific focus on healthy eating behaviors.
Specifically, our study makes several contributions to the literature. First, we introduce two innovative mobileenabled strategies for improving user engagement and behavioral outcomes, namely, the use of a heuristic visual diary and the provision of personalized and contextualized professional support. To the best of our knowledge, this is one of the first studies that implements the theoretical benefit of the use of visual cues in a mobile app for dietary tracking. Secondly, we deconstruct the impact of each service element of a mobile app by conducting a strictly controlled randomized field experiment. We consider our study to be the first that is able to control the assignment of di↵erent elements of a mobile app and study the isolated e↵ects of each element. Third, in addition to user engagement, we also observe consumers' health behaviors over a 16-week horizon. While studies in IS literature are usually concerned about the firms' revenue, users' technology use intentions, or technology engagement, they rarely observe the e↵ect of technologies on users' long-term health behaviors. In addition to literature, this study also contributes to practices in business and healthcare. For mobile app developers, we provide proven strategies for better engagement, which can bring them better revenue. For healthcare providers, we demonstrate a feasible and e↵ective alternative for healthcare delivery. Altogether, consumers will be better empowered for self-management, thus leading to a healthier community.
This study has a few limitations. First, the evaluation of the healthiness of the meals was limited by the quality of the meal images and our assumptions about the appropriate portion sizes for the meals. Images with low quality usually resulted from a dim environment surrounding the meal setting and ambiguity about the mixture of the food items, such as in a soup or curry. Although we excluded these images from analysis to avoid measurement errors, we were unable to avoid estimation bias as these low-quality images did not occur at random. However, the measures used for analysis were smoothed over weekly time periods, and we believe that they fairly represented users' average eating behaviors. In addition, we believe that these low-quality images could occur in all four mobile arms with equal probability, so the di↵erences in the scores between intervention arms accurately represented the e↵ect of the interventions. To evaluate users' portion control for each meal, we used the users' self-reported meal patterns in the baseline survey as the parameter for the "meal-calorie" schedule.
However, the actual meal patterns may vary across days and thus introduce measurement errors for the portion size scores. Nonetheless, we believe that these measurement errors could also occur randomly across di↵erent intervention arms; thus, our estimates of the intervention e↵ects should still be valid. Second, due to the di↵erent user characteristics of di↵erent smartphone platforms, we are only able to generalize our results to Android users, but not iPhone users; people with higher ages are under-represented, because users between 18˜25 years of age accounted for 51% of our study sample. Lastly, because our study was conducted completely online, there was no in-person contact with our participants.
Our research provides several directions for future research. One main challenge in providing professional feedback in the use of dietitian was the expense associated with this service. In future work, we plan to create an automated agent for analyzing food images and providing feedback to consumers. In addition, to better understand the influence mechanism of peer engagement in the context of health behaviors, future studies should also allow su cient opportunities for users to associate themselves with existing social ties. We hope that our research can introduce the exciting area of mobile health apps to Information Systems literature and lead to future research.
Appendix A
Two instruments were developed to assess self-e cacy regarding recording meals (six items) and making good food choices (17 items). Specifically, these instruments assess participants' perceived di culty in performing each of the two behaviors described above (recording and eating behaviors) in various situations that are deemed di cult (Sheeshka et al., 1993; Bandura, 1998) . Questions for the recording instrument begin with, "How di cult would it be to record what and how much you eat each day. . . " and are followed by a specific situation in each item (e.g.
"if you only have about 2 minutes to record"). Questions for the eating instrument begin with, "How di cult would it be to eat healthy . . . " and are followed by a specific situation in each item (e.g. "if you are the only one who wants to follow a healthy diet among your friends"). 7-point Likert scales were used for each item, measuring from "1: very di cult" to "7: very easy." Confirmatory factor analysis confirms the single concept underlying our instrument for self-e cacy for recording (SER), but splits our instrument for self-e cacy for eating into two underlying factors. One is the participants' self-e cacy for eating when facing emotional di culties (SEE) (e.g.
under stress), and the other is facing instrument di culties (SEF ) (e.g. no information on the quantity of food in cups and ounces). Two items were dropped due to their poor loadings to any factor, resulting in five remaining items for self-e cacy for recording (Cronbach's alpha = 0.86), four items for emotional self-e cacy for eating, and 12 items for instrument self-e cacy for eating.
Outcome expectations for eating healthy were measured by an instrument with 12 items to assess participants' expected outcomes contingent on healthy eating, including physical e↵ects, social reactions, and self-evaluative reactions. Questions begin with, "Eating healthier meals now will. . . " and are followed by a specific outcome in each item (e.g. "help to protect me from chronic diseases,""make me feel better than I feel now"). 7-point Likert scales were used for each item, measuring from "1: very unlikely" to "7: very likely." Confirmatory factor analysis reveals that there are two concepts underlying our instrument. One is the outcome expectation related to "self" (OES) (e.g. improve my overall health in old age) and the other is related to "others" (OEP ) (e.g. make me feel more confident with my peers). The resulting instrument for self-related expectations contains nine items and the measure for peer-related expectations includes three items.
The question for the one-item instrument for recording intention asks: "To what extent do you agree that 'during the next 4 weeks, I intend to use the assigned diary to record my meals?'". Each item in the 10-item eating instrument measures the participants' intention to perform one specific behavior recommended by ChooseMyPlate.gov. Some of the specific behaviors include "eat the portion of foods right for me" and "make half my plate fruits and vegetables." 7-point Likert scales were used for each item, measuring from "1: strongly disagree" to "7: strongly agree."
Appendix B Table 14 shows the p-values of the di↵erences of demographics between users and non-users at baseline. The results show that although no significant di↵erence was found for demographic characteristics between users and non-users, some significant di↵erences were found for the behavioral constructs. For the Full arm, users' SEE and SER were significantly lower than those for non-users. For the Dietitian arm, users' OES and IN R were significantly higher than those of non-users. For the Basic arm, users had higher SEF and lower OEP , compared to those for non-users. However, in general, the demographic characteristics were not significantly di↵erent between users and non-users. The following table shows the intent-to-treat results of the e↵ect of mobile-based interventions on customer engagement. We observe that these results are very similar to the average treatment e↵ects reported earlier in Section 5.1. Both the mobile-based visual diary and dietitian support can significantly improve the number of days of recording. The e↵ect size of a mobile-based visual diary is more than triple the size of dietitian support;
however, the presence of peers significantly reduces the number of days of recording. Appendix D Table 16 compares users' eating scores across arms in the first week, before any observable change could happen.
Both of ANOVA and Kruskal-Wallis show that users' eating scores were not significantly di↵erent across arms in the first week, suggesting that users' selection of food images to upload was not systematically driven by the interventions. F G: the grouped scale for F&V, in which all scores above include 4 are grouped to 4 F F : the folded scale for F&V, in which both 1 and 7 in F V were coded as 1. . . etc.
P F : the folded scale for portion size, in which both 1 and 7 in P S were coded as 1. . . etc.
